ABSTRACT Identifying impact fault features from fault vibration signal is significantly meaningful for the fault diagnosis and condition monitoring of rotating machinery. Given defects and the working conditions, impact features are covered by background noise. A new method named empirical wavelet transform (EWT) has been receiving attention from the researchers and engineers. However, detecting boundaries by using the local maxima method from Fourier spectra and capturing the impact features through Meyer wavelet are the two crucial drawbacks of EWT. The former might be invalidated by the influence of non-stationary and noise frequency, and the latter is inappropriate for impact signal features. Therefore, reinforced empirical Morlet wavelet transform (REMWT) is proposed to overcome these shortcomings and efficiently diagnose fault features. In this method, the frequency spectrum boundaries are adaptively detected from the inner product of spectral kurtosis and Gaussian function via scale space representation, which can enhance the frequency character of impact features in vibration signals. Then, the constructed empirical Morlet wavelet serves as the adaptive filter bank for decomposing the signal into several empirical modes on the basis of spectrum boundaries. The meaningful component is selected via the maximum Pearson correlation coefficient method, and the envelope spectrum is used to accurately extract the fault features. The proposed method is then used to diagnose the fault features from the collected vibration signals. The results show its effectiveness and outstanding performance.
I. INTRODUCTION
As the key components of rotating machinery, rolling bearings and gearboxes are essentially used in different kinds of mechanical systems, such as aircraft engines and wind turbines, respectively. These components work with heavy loads and severe working conditions. The various damages that they incur, such as bearing pitting and spalling, gear wearing, and breaking, might result in the failure of mechanical systems. Therefore, detecting fault features, especially impact features, is beneficial for improving machinery reliability.
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Fault diagnosis methods based on vibration signal processing have been prevalently studied, and they include time-domain, frequency-domain, and time-frequency methods.
Many advanced time series decomposition methods have been studied for the fault diagnosis of rotating machinery. The prevalently used methods are empirical mode decomposition [1] (EMD) and wavelet transform (WT) [2] . The EMD algorithm shows excellent performance in the fault diagnosis of bearings and gearboxes [3] , [4] . Lei et al . summarized EMD's application and its extension methods in mechanical fault diagnosis [5] and pointed out its weakness, such as its lack of theoretical mathematics foundation, mode mixing, end effects, and best component selection. Therefore, these drawbacks would result in the generation of meaningless or undesired component signals via EMD, which would reduce the accuracy of fault diagnosis and even mislead diagnosis decision making. Wavelet transform and its derivation methods are widely used in mechanical signal processing and fault diagnosis [6] - [8] . With focus in rotary machinery fault diagnosis, Yan et al. reviewed the application of wavelet transform and pointed out that the suitable mother wavelet function can greatly affect the performance of this method [9] . The advantages of EMD and WT were combined, and the empirical wavelet transform (EWT) [10] was used to diagnose faults [11] . Zheng et al. proposed the adaptive parameterless EWT to effectively diagnose the fault of a rotor system with local rubbing [12] . Kedadouche combined operational modal analysis and EWT to detect the fault information of a bearing [13] , [14] . This method has also been used to analyze the time-frequency representation of noisy nonlinear and non-stationary signals [15] . These results showed the excellent performance of EWT in fault diagnosis. However, the application of EWT in fault diagnosis has two major drawbacks. The Meyer wavelet is inappropriate for utilization as the wavelet basis function in extracting impact features from fault vibration signals and in filtering strong background noise. However, Morlet wavelet is well suitable for matching the impact features in vibration signals [16] - [18] . Lin and Qu used the Morlet wavelet to diagnose the fault in rolling bearing and gearbox faults [19] . Qiu et al. proposed the construction of a Morlet wavelet to detect the weak fault signature on a rolling element bearing [20] . This method also has outstanding performance for transient signal features [21] . Morlet wavelet is suitable for characterizing the impact features in mechanical fault vibration signals. However, the wavelet basis function must rely on an efficient transformation method to accurately and efficiently extract fault features. Therefore, in accordance with the periodicity impact characteristics of vibration signals, a novel adaptive empirical Morlet wavelet transform function was constructed to overcome these drawbacks and extract the impact components from vibration signals. The EWT method that directly detects frequency boundaries from Fourier spectrum cannot effectively obtain the boundaries of complex non-stationary multi-component vibration signals. Meanwhile, as a function of frequency, spectral kurtosis (SK) [22] - [24] is very sensitive to non-stationary signals with periodic impulses. Wang further verified that SK is suitable for characterizing non-stationary signals [25] . SK was initially defined by the fourth moment and second moment of frequency, which indicated how the impulsiveness of non-stationary signals varied with frequency. The SK can provide a robust way of detecting the variation tendency of frequency even in the presence of strong masking noise. Hence, it can be used to detect frequency boundaries and optimal frequency sub-bands appropriately and robustly and thus overcome the drawbacks of EWT.
Therefore, a novel adaptive reinforced empirical Morlet wavelet transform method (REMWT) is proposed for decomposing complex non-stationary vibration signals and adding them to fault diagnosis frameworks. First, the spectrum boundaries and sub-band intervals are detected through scale space representation from the inner product of SK and Gaussian function. Then, the scale parameter of the Morlet wavelet is estimated using singular value decomposition (SVD), and the adaptive Morlet wavelet filter bank is constructed to define the empirical wavelet. Subsequently, the combination of spectrum boundaries and empirical wavelet is used to decompose each non-stationary signal into several mono-components. Finally, the meaningful component is selected using a maximum Pearson correlation coefficient, and the envelope spectrum is used to efficiently verify the fault feature.
The remainder of this work is organized as follows. In Section 2, the basic algorithm of EWT is briefly introduced. In Section 3, the proposed adaptive empirical Morlet wavelet transform method and fault diagnosis procedure are introduced in detail. In Section 4, the vibration signals of bearing and gearbox faults are used to verify the performance of the proposed method and compare it with EWT to illustrate its excellent property in fault diagnosis. Finally, the conclusions of this work are summarized in Section 5.
II. THEORETICAL BACKGROUND A. EMPIRICAL WAVELET TRANSFORM
According to EWT theory, according to the segmentation of the Fourier spectrum, this method can decompose a signal into different empirical modes. Given arbitrary signal, the wavelet filter bank is defined by ''well closed'' Fourier supports. The arbitrary signal and its Fourier spectrum are x(t) andf (ω), respectively, andf (ω) can be divided into N sub-intervals n = [ω n−1 , ω n ] (n = 1, 2, . . . , N ), where the interval is restricted into [0,π] and
. Given the center of each ω n , transition phase T n with width 2τ n can be defined. The partitioning of the frequency axis is shown in Figure 1 . Hence, the wavelet tight frame n can be defined, and EWT is defined as a bandpass filter on each n . On the basis of Littlewood-Paley and Meyer's wavelet with tight frame, the empirical wavelet function ψ n (ω) and empirical scaling functionφ n (ω) are defined as follows: andφ
The function β(x) = x 4 (35 − 84x + 70x 2 − 20x 3 ), and it satisfies
The threshold parameter η must satisfy the following equation in accordance with the tight frame of wavelet function:
On the basis of the segmentation information in (1) and (2) of the Fourier spectrum, the empirical wavelet filter bank is constructed. Figure 2 shows the example of a Meyer filter bank with two boundaries, ω ∈ [0.5, 1.5]. The constructed empirical wavelet and its coefficients can be obtained using the inner products as follows:
The approximation coefficient is given as follows:
The extracted empirical mode f k is given as follows: The original signal is recovered by
where
is the inverse Fourier transform.
B. SPECTRAL KURTOSIS (SK)
SK is the ratio of the fourth order moment and the second order moment of the Fourier spectra, which can reflect the frequency spectral tendency of complex vibration signals. For the arbitrary non-stationary vibration signal x(t), the fourth order spectral cumulant is defined as follows:
where S 2 2x (f ) is the power spectral density of x(t). Spectral cumulants of order 2n ≥ 4 have an interesting non-zero property for non-stationary processes. It shows that the larger the deviation of a process, the larger the fourth order cumulant. Therefore, the normalized fourth order spectral cumulant provides a measure of the peak of the process at frequency f . The definition of the SK is as follows [22] :
As a function of frequency, SK can illustrate the frequency contents of transients that the traditional frequency spectrum and power spectral density cannot display.
III. REINFORCED EMPIRICAL MORLET WAVELET TRANSFORM A. FREQUENCY SPECTRUM BOUNDARY DETECTION AND SEGMENTATION
In accordance with the previous introduction of EWT, the frequency interval and Meyer filter bank have considerable influence on the result of empirical modes. In traditional EWT, the local minima between the adjacent maxima value in the Fourier spectrum are used to detect the spectrum boundaries and the center frequency of every empirical mode. However, this method does not consider the spectrum characteristics for non-stationary frequency spectra. Therefore, SK is introduced to detect spectrum boundaries. Different SK segmentations contain varying pulse sequences and sub-signals with a corresponding frequency band. However, given that other vibration source signals mix into the real fault signal, SK is not affected by the polluting source and noise. As a function of frequency, SK focuses on describing non-stationary and non-Gaussian processes, which can comprehensively show the impact features in vibration signal. SK can be used to reinforce the spectrum characteristics of non-stationary vibration signals. In consideration of varying scale features, the scale space method was proposed to detect frequency boundaries with different scales [28] . In this method, boundaries are assumed to be delimited by the two long-scale space curves with local minima, and they can be meaningful modes. Given the varying scales, this method can comprehensively consider the spectrum characteristics of non-stationary vibration signals. Therefore, a reinforced frequency spectrum boundary detection method is conducted.
To accurately detect the frequency boundary, the scale space representation method [25] , [26] was selected to divide SK adaptively. For the arbitrary frequency series f (ω), the
2n . The discrete scale space can be defined as follows: (11) where n is the scale parameter, and M = 6 √ n + 1 limits the approximation error of the Gaussian kernel function smaller than 10 −9 . The scale space representation method can reflect the global trend of this input under different scales. The local characteristics of SK are detected using the scale space L(ω, n). To detect the meaningful boundaries in SK, the intermediate valleys or the equivalently local minima should be determined. The number of minima of L(ω, n) is the non-increasing function of the scale parameter n. The threshold T of the scale space is larger than the consistent minima. Hence, with the changing length and minima of the scale space curve, SK boundaries are gradually determined. To satisfy the Shannon criteria, the frequency should be normalized to the interval [0,π].
B. CONSTRUCTION OF THE ADAPTIVE MORLET WAVELET FUNCTION
The complex Morlet wavelet can extract the amplitude and phase information of signals, which are defined as follows:
The Fourier transformation is as follows:
where ω 0 is the center frequency. When ω = 0,φ(ω) = 0, and
≈ 0, the second term can be zeros. Therefore, the Morlet wavelet and its Fourier transform are as follows:
ϕ(ω) = π 
Given arbitrary frequency band, the center frequency is ω n , bandwidth is 2τ n , and τ n = λω n (0 < λ < 1); thus, the Morlet wavelet filter bank can be constructed as follows: where β is the scale parameter of the Morlet wavelet. An example of a Morlet filter bank with β = 1 in boundaries [0.5,1.5] is shown in Figure 3 with a typical bandpass character.
On the basis of periodic characteristics of the fault vibration signal, SVD can be applied to estimate the scale parameter β of the Morlet wavelet filter bank [19] , [20] , [27] . This method is more powerful and sensitive than Fourier decomposition. For the arbitrary periodic signal X = [x 1 , x 2 , · · · , x n ], the period length l can be determined through the largest peak frequency F max ( f ), l = n / F max ( f ), where F( f ) is the Fourier transform. With the period length l, signal X can be rearranged as a matrix X as follows:
In accordance with the SVD method, signal X is decomposed as X = UDV T , where U and V are the m × m and l × l square matrix with orthogonal column, respectively, and min(m, l) . If the signal is pure, then D has only one singular value. However, the signal always has several values due to noise effect. Given the SVD principle, the first and second singular values σ 1 and σ 2 of D are larger than those of others. Hence, the ratio k can be used to estimate the scale parameter β of the Morlet wavelet.
According to the detected boundaries and constructed Morlet wavelet in (16), REMWT can be deduced. The constructed empirical Morlet wavelet and its coefficients can be defined as the inverse Fourier transform of inner products of frequency spectrum and Morlet waveletφ(ω): The extracted empirical mode f k is given by
where k = 1, 2, . . . , n. Through this method, the original signal is decomposed into several mono-components with different frequencies.
C. OPTIMAL MONO-COMPONENT SELECTION
In accordance with REMWT, each decomposed monocomponent carries different information features. The optimal component should be chosen for further analysis. Each component and original signal are from the same sample population, possessing consistent distributions and the same probability density function. Hence, the linear Pearson correlation coefficient is introduced to measure the linear relationship between the mono-component and the original signal. The Pearson correlation coefficient is defined as follows:
where 
D. FAULT DIAGNOSIS
On the basis of the proposed REMWT, fault diagnosis of rotating machinery can be summarized below, and the flowchart is shown in Figure 4 . 
1) SK of the input vibration signal is obtained using (10).
2) The scale space representation method in (11) is used to detect the boundaries of SK. 3) The scale parameter in the empirical Morlet wavelet is estimated using SVD. 4) The empirical Morlet wavelet function is constructed using (16). 5) The signal is decomposed into several monocomponents as the empirical mode using (19) and (20) . 6) The Pearson correlation coefficient in (21) is used to select the optimal component signal. 7) The envelope spectrum is used to identify the fault features from the selected component signal.
IV. FAULT DIAGNOSIS APPLICATION
In this section, the collected fault vibration signal from rolling bearing and gearbox with special faults are used to verify the effectiveness of this proposed fault diagnosis. Affected by severe working conditions and fault characteristics, the vibration signal of fault components always shows nonlinear and non-stationary features and is polluted by the strong background noise. As such, fault features are hardly distinguished directly from collected vibration signals. 
A. CASE 1: FAULT DIAGNOSIS OF ROLLING BEARING
The vibration signal of a fault rolling bearing from the testing rig in Figure 5 (a) was used to verify the effectiveness of the proposed method. The testing bearing in Figure 5 (b) was installed in the right bearing housing of the testing rig. The bearing fault, which had 0.8 mm width and 0.5 mm depth, was preset on the rolling element through wire electrical-discharge machining. It was driven by motor at 960 rpm speed. An accelerometer PCB 356A15 with 102.9 mVg −1 sensitivity was installed on the top of the bearing housing, as shown in Figure 5 (a). The sampling frequency was 12 kHz. The basic parameters of the bearing are shown in Table 1 . The fault frequency of the rolling element can be estimated using Eq (22) as follows:
where f r is the rotating frequency, d is the ball diameter, D is the pitch diameter, α is the alpha contact angle, and z is the number of the rolling elements.
In this case, 16 Hz is the rotating frequency, and 58.93 Hz is the calculated fault frequency of the rolling element. The collected vibration signal and its frequency spectrum and envelope spectrum are shown in Figs. 6(a), (b) , and (c). When we collected the fault vibration signal from the testing rig, the disturbance signal and noise are from the vibration of adjacent parts of the fault bearing. The fault features were covered and difficult to be identified from the noise-contaminated vibration signals.
First, traditional EWT was applied to decompose the original signal. We used the local maximum method to detect the spectrum boundaries from the Fourier spectrum, and the result is shown in Figure 7 (a). Twelve components were extracted. The decomposed components and their Fourier spectrum are shown in Figure 8 . Traditional EWT cannot distinguish the adjacent peak frequencies effectively, and the decomposed components cannot suppress the influence of the noise.
In accordance with the proposed method, SK and its segmentation were obtained using scale space representation. Sixteen empirical modes were detected, and the boundaries of each empirical mode are illustrated in Figure 7 (b). The two frequencies with large kurtosis were divided into separate frequencies without any interference information. These sub-bands included additional fault information. Combined with the detected boundaries, the empirical Morlet wavelet was constructed as the filter bank to decompose the original signal. Here, the estimated scale parameter of the Morlet wavelet was 1.16. The extracted components and their Fourier spectrum are shown in Figure 9 . The proposed REMWT method can further refine the whole frequency band and decompose additional frequency components. The components extracted using REMWT were easily distinguished and possessed less frequency blur and fewer edges than those of EWT.
For selecting sensitive and meaningful components for the diagnosis of the fault feature, the Pearson correlative coefficients of each components are shown in Figure 10 . C7 and C9 have the largest correlation coefficients from EWT and REMWT, respectively. The envelope spectra of each selected components are shown in Figure 11 . The two methods can detect the fault feature from the vibration signal. However, the proposed method can accurately identify the fault feature, and the clarity of the envelope spectrum is enhanced than that in Figure 11 (a). The REMWT method obviously suppresses interference information. Thus, the component decomposed using REMWT exhibited decreased noise and enhanced purification. By comparison, the fault feature of the rolling element can be clearly detected using the proposed method than the traditional EWT method. The root mean square error (RMSE) is used to evaluate the reconstructed error.
where N is the length of signal, x is the original signal,x is the reconstructed signal. According to (8) and (23), the reconstructed signal via EWT and REMWT method are calculated, the RMSE of reconstructed signal via EWT method is 0.0286, but the RMSE of reconstructed signal via REMWT method is 0.0125, the latter is smaller than the former. Hence, the proposed method performed well in bearing fault diagnosis.
B. CASE 2: FAULT DIAGNOSIS OF GEARBOX
As the key transmission system, the gearbox rotates continuously and transmits power and torque. Various types of faults emerge under complex and severe working conditions. Wear fault commonly occurs on the meshing surfaces of gears. As such, a fault gearbox with slight wear was tested on the testing rig, as shown in Figure 12 (a). The planetary gearbox included three planetary gears, one wheel gear, and one inner gear. The transmission ratio was 3, and the basic parameters are listed in Table 2 .
The wear fault of the wheel and one of the pinion gear were produced using a grinding machine, as shown in Figs. 12(b) and (c). The speed of the driven motor was 1450 rpm. An accelerometer DH311E with sensitivity 1.07 mv/ms −2 was installed on the output end of the gearbox, as shown in Figure 12 (a). The sampling frequency was 6400 Hz.
The time series waveform and its Fourier spectrum and envelope spectrum of collected vibration signal from the fault gearbox are shown in Figure 13 , respectively. On the basis of the proposed method, SK and detected spectrum boundaries are shown in Figure 14 . As in Case 1, EWT was used to extract the components for comparison with the proposed method, and the result is shown in Figure 15 . Eleven and 16 sub-bands were extracted using the EWT and proposed REMWT method, respectively. The constructed empirical Morlet wavelet was used to decompose the original signal, and the components and their Fourier spectra, respectively, are shown in Figure 16 . Here, the scale parameter of the Morlet wavelet was 1.4136. The result showed that the proposed REMWT can extract more empirical modes than EWT, and the Fourier spectrum of each component was highly concentrated. In accordance with the Pearson correlation coefficient of each component with the original signal shown in Figure 17 , C6 and C10 modes apparently had the largest coefficients. Therefore, the envelope spectrum of these components is shown in Figure 18 . The left is the envelope spectrum of C6 modes extracted using EWT, and the right is the C10 extracted using REMWT. The fault frequency was 8 Hz. The envelope spectrum of the C10 component was clear and can accurately distinguish the fault frequency and its multiplication. It can detect the half multiplication and high frequency multiplication. However, the left one can detect only one fault frequency, and the other interference was not suppressed.
According to the (8) and (23), the reconstructed error via EWT and REMWT are evaluated, the error of former is 0.0732 and the latter is 0.0251, the reconstructed error via REMWT is smaller than the EWT's. Hence, our proposed REMWT method also show the excellent performance than EWT method.
V. CONCLUSION
In this work, a novel fault diagnosis method based on REMWT is proposed for overcoming the shortcomings of traditional EWT in the fault diagnosis of rotating machinery. The vibration signals of fault bearing and gearbox were collected to verify the performance of this method. Some attractive characteristics and conclusions are summarized as follows.
1) The detected frequency boundaries from the SK by the scale space representation method can further refine the frequency spectrum and suppress noise inference. It can adaptively determine the frequency spectrum characteristics of non-stationary vibration signals. The detected boundaries can more precisely illustrate the meaningful sub-bands compared with those of traditional EWT. 2) An adaptive Morlet wavelet was constructed as a filter bank to decompose the signal into several empirical modes with different boundaries. As such, the traditional Meyer wavelet was prevented from extracting the impact features in the mechanical fault signal. The decomposed empirical modes can suppress the interferences from background noise and other irrelevant components. The fault features can be extracted from the empirical mode with the largest Pearson correlation coefficient by using the envelope spectrum method accurately. 3) An engineering application of fault vibration signals of rolling bearings and gears showed that the proposed method not only efficiently identified the fault features but also overcame the influence of strong background noise. Thus, traditional EWT exhibited outstanding performance in mechanical fault diagnosis.
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